High-throughput sequencing (HTS) enables most pathogens in a clinical sample to be detected 13 from a single analysis, thereby providing novel opportunities for diagnosis, surveillance and epi-14 demiology. However, this powerful technology is difficult to apply in diagnostic laboratories be-15 cause of its computational and bioinformatic demands. We have developed DisCVR, which de-16 tects known human viruses in clinical samples by matching sample k-mers (22 nucleotide se-17 quences) to k-mers from taxonomically labelled viral genomes. DisCVR was validated using pub-18 lished HTS data for 89 clinical samples from adults with upper respiratory tract infections. These 19 samples had been tested for viruses metagenomically and also by real-time polymerase chain 20 reaction assay, which is the standard diagnostic method. DisCVR detected human viruses with 21 high sensitivity (79%) and specificity (100%), and was able to detect mixed infections. Moreover, 22 it produced results comparable to those in a published metagenomic analysis of 177 blood sam-23 ples from patients in Nigeria. DisCVR has been designed as a user-friendly tool for detecting hu-24 man viruses from HTS data using computers with limited RAM and processing power, and in-25 cludes a graphical user interface to help users interpret and validate the output. It is written in 26 Java and is publicly available from Issue Section: Resources 30 2 1. Introduction 31 The standard method for rapidly detecting known human viruses in clinical samples is the 32 polymerase chain reaction (PCR), in which short oligonucleotides are used to amplify and probe 33 specific regions of viral genomes. The limitations of this technique include the targeting of a rela-34 tively small number of viruses per assay and a dependence on sequence conservation among 35 viral strains. High-throughput sequencing (HTS) provides approaches to viral diagnosis that have 36 much greater scope. Thus, metagenomic analysis of HTS data can provide extensive viral geno-37 typing information, as well as the characterization of complex multiple infections (Thorburn et al. 38 2015). Several metagenomic pipelines using de novo assembly and homology matching have 39 been developed for virus detection (Li et al. 2016; Maarala et al. 2018; Ren et al. 2017; Scheuch 40 et al. 2015; Wang et al. 2013; Zheng et al. 2017). However, analysing HTS data using such ap-41 proaches brings heavy computing and bioinformatic demands that are difficult to meet and 42 standardize in diagnostic laboratories (Flygare et al. 2016). As a consequence, we have devel-43 oped DisCVR, which is a fast, accurate and easy-to-use tool for detecting known human viruses 44 in clinical samples. 45 DisCVR employs an abundance-based method, which is a metagenomic approach for 46 rapidly profiling the organisms present in a sample. It works by creating a database of short nu-47 cleotide sequences (k-mers) from a large set of viral reference sequences, tagging the k-mers 48 taxonomically according to the viruses from which they came, screening each read in the HTS 49 dataset for the presence of virus k-mers, and organising a summary of the viruses present in the 50 sample via the tags. This approach makes data analysis very efficient, thereby minimizing the 51 computing effort required (Orton et al. 2016). 52 Several existing tools utilize the abundance-based method to classify the reads in an 53 HTS dataset. NBC (Rosen et al. 2011) employs a naïve Bayesian classifier to assign a log-likeli-54 hood score to each read. This classifier is trained by using a set of unique profiles of 15 nucleo-55 tide k-mers from microbial genomes, and then allows users to upload the dataset to a web site 56 and obtain a summary of results listing the best taxonomic match for each read. Kraken (Wood & 57 Salzberg 2014) assigns each k-mer in the database to the last common ancestor of species hav-58 ing that k-mer, and then assigns each read to the taxon with the most matching k-mers. CoMeta 59 (Kawulok & Deorowicz 2015) creates a database of all k-mers for each rank in the taxonomic 60 tree, and then uses these databases to classify the reads at each rank. CLARK (Ounit et al.
limitations. The databases are built using a limited set of reference sequences and therefore are 79 of restricted utility for classifying organisms with sequences that diverge from the reference. This 80 limitation can be a particular problem when significant variation exists in an organism at strain 81 level. It can be addressed by incorporating a range of variants into the database, but this then 82 creates a much larger database that may make the analysis challenging to run on resource-lim- 83 ited computers. Furthermore, many of the current tools are run on Linux systems and hence re-84 quire the operator to have expertise in command line usage and an understanding of bioinfor-85 matics, which may be difficult to find in diagnostic settings. To our knowledge, the only tool that 86 has been developed for ease of use and for application on computers with limited resources is 87 Truffle (Visser et al. 2016 ). This is designed to screen for a limited set of user-specified viruses, 88 comes preloaded with probe-sets for grapevine viruses, and cannot easily be updated for large 89 sets of viruses from other hosts. 90 Here, we present DisCVR, a k-mer-based classification tool for detecting known human 91 viruses from HTS data derived from clinical samples. DisCVR can be installed on a desktop 92 computer to allow diagnostic laboratories to analyze large, confidential datasets by using a sim-93 ple, straightforward graphical user interface (GUI) without specialized bioinformatics expertise. It 94 is optimized to run on Windows, Linux and Mac OS, using minimal RAM and processing power 95 without compromising speed and accuracy. The tool currently integrates curated viral databases 96 at the taxonomic levels of species and strain, but may be used to build a customised database at 97 any taxonomic level, thereby overcoming the limitations of using a restricted set of reference se- 
The k-mer databases 105
A k-mer is a short sequence of k nucleotides. A k-mer dataset is generated iteratively by 106 sliding a window of size k along a sequence one nucleotide at a time. Extracting k-mers and 107 counting their frequencies in a set of sequences can be computationally intensive, especially 108 when k is large and the sequences are numerous. Dedicated k-mer counting programs, such as tion of a k-mer, which is lexicographically the smaller of a k-mer and its reverse complement.
114
For the purpose of this study, we define a virus k-mer as a k-mer that uniquely represents 115 a virus or set of related viruses, to the exclusion of the host. A shared k-mer is defined as a k-116 mer that is common to a virus and the host. By excluding shared k-mers, it is not necessary for 117 the user to remove host reads before using DisCVR, thus speeding up the overall processing 118 time. If k is small, many copies of shared k-mers are generated, and if k is large, many copies of 119 virus k-mers are found. Choosing the optimal k-mer size depends on balancing the advantages 120 of speed (small k) with those of specificity and sensitivity (large k). Furthermore, it is necessary 121 to reduce the number of low-complexity k-mers in the virus k-mer database, as these may be re-122 petitive in sequence and present in otherwise unrelated viruses. The filtering of low-complexity k-123 mers and the selection of the size of k is explained in Supplementary Section S1.
124
For constructing the virus k-mer databases, three comprehensive datasets of complete or 125 partial viral sequences were extracted from the NCBI taxonomy database. The first, the human 126 hemorrhagic virus dataset (shortened below to "hemorrhagic dataset"), contained 33,367 se- (Sreenu n.d.) , which is a BLAST-guided, reference-171 based short read aligner that is particularly tolerant of mismatches. In each case, the output is a 6 graph showing the depth and coverage of k-mers or sequence reads across the reference ge-173 nome and a summary of statistics for the mapping results (Fig. 3) . 
Results

211
The ROC curve (Fig. 4) suggests that a value of 850 k-mers is the optimal threshold on the basis of the point on the 214 curve furthest from the identity (diagonal) line (Table S2 ). The ROC curves of DisCVR and the 215 other programs (Fig. 4 ) did not differ significantly from each other, and had overlapping confi-216 dence intervals. Kraken and KrakenHLL had identical curves. Kraken and CLARK rated as 217 slightly more sensitive but less specific than DisCVR as a result of HCoV NL63 being the top hit 218 in sample 1D3 and the second hit in DisCVR (Table 1 and Table S2 ). The top hit in DisCVR was 219 HRV-A, which was the second hit in Kraken and CLARK but was not detected using RT-PCR. It ruses that did not correspond with those detected by RT-PCR or did not find any virus with ≥850 230 k-mers in 16/48 (33%) of samples (false negatives).
231
The RT-PCR assay was limited by the range of viruses that it could detect, by its depend-232 ence on sequence conservation, and consequently also by its potential to identify infections by 233 multiple viruses. Consequently, the false positive results were assessed using the validation 234 module ( Table 2) , and the false negative results were investigated by examining the second hits 9 viruses from HTS data, DisCVR is easy to use in diagnostic settings through the graphical user 280 interface, requires no bioinformatic expertise, and can be used on the Windows operating sys-281 tems that are commonly used in diagnostic laboratories. The basic output is easy to interpret, 282 and the advanced output provides more detailed statistics and a validation capability.
283
DisCVR was designed for detecting known viruses and cannot be used to discover novel vi- DisCVR databases is flexible, and can also be expanded by building custom databases.
292
In the datasets from respiratory tract infections, DisCVR had high sensitivity and specificity 293 levels but did not identify all the viruses detected by RT-PCR when the threshold of ≥850 k-mers 294 was used. This threshold may be set by the user and was calculated for the respiratory dataset 295 for which we had paired RT-PCR and HTS data. As more datasets with paired information be-296 come available, it will be possible to tune the threshold more accurately to specific sample types 
